1. Introduction {#sec0005}
===============

Tissue specificity of photoacoustic imaging (PAI) has sparked research interests in various fields of biomedical imaging and applications [@bib0005]. In case tissues have different optical properties (i.e., wavelength-dependent absorption), PAI is able to provide the tissue composition together with the anatomical reference obtained from ultrasound (US). Cardiovascular disease diagnosis is one of the promising areas where PAI has potential in both noninvasive [@bib0010], [@bib0015], [@bib0020], and intravascular imaging [@bib0025], [@bib0030], [@bib0035], [@bib0040]. One important application is the use of PAI to obtain the morphology of atherosclerotic plaques. Using multiple wavelengths, PAI has the potential to reveal the tissue 'signatures' of an unstable plaque such as intraplaque hemorrhages, necrotic lipid pool, and macrophage dispositions [@bib0045]. Mostly, the recorded photoacoustic (PA) signals from a plaque are not originating from a single chromophore. Instead, the PA response is the collective contribution of different chromophores. The composition of atherosclerosis is rather complex and different constituents are regarded as a continuum. Recent studies reported that the composition of a plaque is continuously transforming [@bib0050]. Findings implied that intraplaque hemorrhages entail the lipid accumulation and that the content of hemorrhages was accompanied mostly by lipids. Therefore, it is not trivial to draw borders between different tissue components at any time in the progression of the plaque. Furthermore, in the literature, it was reported that the PA response of a mixture of components is highly dependent on the concentration of the absorbers [@bib0055], [@bib0060].

Despite the complexity of the tissue composition, the intrinsic chromophores can be revealed using spectral unmixing techniques. In the case the spectrum of the components is exactly known, a linear least-squared error minimization fitting procedure can be used to unmix these sources [@bib0065], [@bib0070]. However, the absorption curve of the chromophores should be known *a priori*, which is not possible for *in vivo* applications. Additionally, this unmixing approach requires higher sampling in the optical spectrum; i.e., the number of wavelengths used in PA measurements should be sufficiently high to fit data accurately. Mercep et al. reported that the number of wavelengths used should be roughly 7 for separating oxygenated and deoxygenated hemoglobin [@bib0020]. Finally, wavelength-dependent optical fluence differences should be corrected for in order to make a correct quantitative estimate in linear fitting-based unmixing methods [@bib0075], [@bib0080]. Spectral absorption *in vivo* will be most likely unknown due to the unknown and complex plaque morphology and the reported intersubject variability of optical properties [@bib0085], [@bib0090], [@bib0095]. Therefore, blind source separation could be an option for PAI of plaques.

In literature, there are studies that classify the PA signals originating from different sources based on signal analysis in the frequency domain [@bib0100], [@bib0105]. The term spectral analysis in those studies refers to the photoacoustic signal frequencies and should not be mistaken with the optical spectrum we are referring to in our study.

In this study, we aimed to adopt a data-driven approach to differentiate distinct components in human carotid plaque samples that have independent spectral behavior under different illumination wavelengths. Therefore, no prior spectral information is required as opposed to fitting based methods. The most commonly used blind unmixing techniques are principal component analysis (PCA) and independent component analysis (ICA). Glatz et al. reported that ICA outperforms PCA in unmixing of PA signals [@bib0070], [@bib0110] by in the sense of better separation. Additionally, PCA can be used complementary to ICA to enhance the unmixing performance as a whole [@bib0115]. The classical ICA method assumes a non-Gaussian, zero-mean data distribution of the signal values [@bib0120]. However, in the reconstructed PA images, the contrast is based on the optical absorption of different tissues, which yields all positive data. In literature, it was shown that a positivity constraint could improve the performance of linear inversion and unmixing algorithms [@bib0125], [@bib0130]. Therefore, in this study, we used a modified version of the ICA algorithm for non-negative signal sources [@bib0135], [@bib0140].

Furthermore, we used spatially compounded photoacoustic data for unmixing. Due to the rotation of the sample in the spatial compounding, the illumination on the sample is homogenized independent of the acquisition angle (see [@bib0145]). The scattering of light in water, which is the surrounding medium for the *ex vivo* experiments, is negligible. Moreover, due to the small size of the sample (wall thickness of 1-5 mm), the optical attenuation was neglected. As a result, the optical fluence over the sample can be assumed to be homogeneous, and no additional fluence correction was performed. For verification of the method, we applied the technique to a plaque phantom made of polyvinyl alcohol (PVA) with three different inclusions: fresh porcine blood, thrombus, and pure cholesterol. Next, for the proof of concept, we applied the technique to human carotid plaque samples ex vivo. We aimed to relate the unmixed components to the critical composition materials that can be found in the plaque. Finally, we performed histologic staining and microscopic examination of stained carotid plaque sections to verify the results of unmixing.

2. Materials and methods {#sec0010}
========================

2.1. Blind source spectral unmixing {#sec0015}
-----------------------------------

Since no prior information regarding the absorption spectrum exists due to the complex plaque morphology, and multiple chromophores concurrently contribute to PA generation, a blind-source unmixing technique was implemented, and its ability to distinguish chromophores in plaque tissue was investigated. Assuming that the contribution of each chromophore to the PA signal is statistically independent [@bib0120], the sources can be unmixed with independent component analysis (ICA)[@bib0070], [@bib0110], [@bib0150]. In this study, the algorithm of Oja et al. for non-negative signal sources was adopted [@bib0135], [@bib0140].

The value of each pixel in a PA image is assumed to be the weighted sum of different PA sources. Then, the PA measurements can be formulated as$$\overset{p}{\sim} = \mathbf{\text{A}}\overset{s}{\sim}$$where **A** is an *m* by *n* matrix. The elements of vector $\overset{s}{\sim}$ (*s*~*j*~ for *j* = 1, 2, 3, ..., *n*) represent the actual independent sources and the elements of the matrix **A** (*a*~*ij*~ for *i* = 1, 2, 3, ..., *m* and *j* = 1, 2, 3, ..., *n*) represent the weight of the *j*th independent component (IC) for the *i*th measurement. Then, $\overset{p}{\sim}$ becomes a column vector that represents *m* measurements of a single pixel. Therefore, 2-D PA images were reshaped into a 1-D row vector to treat images as a random variable. Next, PA images from different transverse positions were concatenated to obtain photoacoustic measurement matrix **P** of size *m* by *l* with *l* being the total number of pixels.

The number of measurements should be at least equal to the number of independent components for unmixing to converge and lead to an accurate solution. In the case of *m* = *n*, **A** becomes an orthogonal unit variance matrix, i.e., **AA**^*T*^ = **I**. Thus, the blind source separation problem can be restated as finding an orthogonal unmixing matrix **U** of size *m* by *m* from the measurements **P** such that$$\mathbf{\text{Y}} = \mathbf{\text{U}}\mathbf{\text{P}}$$where **Y** represents the permutation of independent sources, i.e., different PA absorbers. Unmixing matrix **U** was calculated based on an iterative optimization algorithm as described by Oja and Plumbley [@bib0135]. First, all PA images from all the plaques were rearranged, so that each row represents a measurement with one of the four wavelengths (*λ* = 808, 915, 940, 980 nm) and columns represent different pixels. Next, data are pre-whitened using an *m* by *m* matrix **V** to obtain a unit-variance matrix **Z** = **VP**; i.e. the covariance matrix *cov*(**Z**) = E ((**Z** − E (**Z**))(**Z** − E (**Z**))^*T*^) = **I**. This is required for working around the zero-mean data distribution requirement of conventional ICA. Finally, an optimization algorithm was applied to the whitened data **Z** to find **W** such that **Y** = **WZ**, by minimizing the cost function:$$E\,{\parallel \mathbf{\text{Z}} - \mathbf{\text{W}}^{T}(\mathbf{\text{Y}}^{+}) \parallel}^{2}.$$

The matrix **Y**^+^ is obtained by selecting only the positive values of **Y**. See the study by Oja and Plumbley [@bib0135] for further details of the algorithm.

The unmixing algorithm was applied to the datasets of individual plaque samples both separately, and to a combined dataset, i.e., all plaque PAI datasets merged as input for one unmixing step.

2.2. Sample preparation for imaging {#sec0020}
-----------------------------------

### 2.2.1. PVA phantom preparation {#sec0025}

A simplified plaque phantom was made to investigate the unmixing of different tissue components concurrently. The phantom is a cylindrical vessel tube of polyvinyl alcohol (PVA) with an external diameter of 8 mm and an internal diameter of 3 mm. Additionally, the mold was designed such that three cylindrical holes of 1 mm diameter in the vessel wall were available for inclusion materials (see [Fig. 1](#fig0005){ref-type="fig"}). The PVA gel was prepared in demi-water with 15 wt% PVA (Mowiol 28-99, Sigma--Aldrich, Zwijndrecht, The Netherlands), and 1 wt% Orgasol (ELF Atochem, Paris, France) as acoustic scatterers to mimick Rayleigh scattering of biological tissue [@bib0145]. Next, the gel was injected into the mold and subjected to 2 freeze-thaw cycles, i.e., freezing for 16 h and thawing for 8 h to stiffen the cryogel. Finally, the three inclusions were injected into the holes in the vessel wall, and the open ends were sealed using PVA and one additional freeze-thaw cycle. Porcine blood, freshly obtained from a local slaughterhouse, was used to mimic recent intraplaque hemorrhages. Next, human thrombus, obtained as waste material from an abdominal aortic aneurysm surgery, was used to mimic aged hemorrhages. Since the absorption spectrum of hemoglobin varies with chemical interaction of it with other compounds, an alteration of the absorption was expected due to the transformation from hemoglobin to methemoglobin in aged hemorrhages [@bib0155]. Finally, commercially available cholesterol crystals (C8667, Sigma--Aldrich Chemie GmbH, Munich, Germany) were added to the third channel, representing a lipid inclusion [@bib0160].Fig. 1(a) The polyvinyl alcohol vessel phantom. (b) Illustrations of the phantom including dimensions. The diameter of the ends of the cylinder were enlarged for easy attachment to the imaging setup. The dashed-line indicates the diameter in the vessel area.Fig. 1

### 2.2.2. Human plaque samples {#sec0030}

The carotid plaques were excised during carotid endarterectomy operations at the Catharina Hospital Eindhoven and transferred to the photoacoustic laboratory. The study was approved by the local ethics committee, and the samples were collected with the informed consent of the patients. Once the intact plaque sample was obtained, it was flushed with a phosphate-buffered-saline (PBS) solution to remove excess blood from the outer surface and the lumen. Next, two plastic cannulas were glued to the tips of the sample so that it could be mounted to the rotational measurement setup [@bib0165], [@bib0145]. In case the measurements were not performed on the day of the surgery, the samples were snap-frozen in liquid nitrogen and conserved at −80 °C until the experiment, and defrosted at room temperature prior to the PA measurements.

2.3. Scanning setup and photoacoustic acquisition system {#sec0035}
--------------------------------------------------------

Each sample was scanned in a custom-designed setup that allows controlled positioning (*x*, *y*, *z*) of the PA probe and the angular position (*θ*) of the sample. The setup consists of an immersion chamber (see [Fig. 2](#fig0010){ref-type="fig"}), a three-dimensional (3-D) linear stage (M-403.2DG, Physik Instrumente, Germany), and a rotary controller (RS-40 DC, Physik Instrumente, Germany) controlled by a PC using LabVIEW software (National Instruments, Austin, Texas, USA). For a detailed description of the setup, we refer to Arabul et al. 2016 [@bib0165].Fig. 2Illustration (a) and picture (b) of the experimental setup and photoacoustic (PA) probe used in this study.Fig. 2

The PA imaging probe consisted of a diode laser (Lumibird, Paris, France) with four wavelengths (*λ* = 808, 915, 940, 980 nm), capable of generating pulses with a pulse duration of 130 ns and energy of 1 mJ (\<20 mJ/cm^2^, ANSI Safety Standard). The wavelengths used in this study were chosen in the NIR band (800 nm to 1000 nm) of the optical spectrum to increase the penetration depth of optical energy and considering optical absorption spectrum of the tissue components. The reason of having those four specific discrete wavelengths was dictated by the availability of the diode lasers. The acoustic signals were acquired by a linear array transducer (SL3323, ESAOTE, Maastricht, The Netherlands) that was integrated into the PA probe. For data acquisition, the PA probe was attached to an ultrasound scanner (MyLabOne, ESAOTE, The Netherlands), and the raw data were digitized at a sampling frequency of 50 MHz before transfer to a PC [@bib0170]. For a detailed description of the experiment setup and PA probe, we refer to Arabul et al. [@bib0165].

2.4. Experiment protocol {#sec0040}
------------------------

A single image frame in both PA and US mode is obtained after spatially compounding the image data acquired from 36 different angular positions. The spatial compounding enhances the image quality by reducing the speckle and sharpening the boundaries in the US images (see the lumen and the outer boundary of the PVA phantom in [Fig. 1](#fig0005){ref-type="fig"}). The details and the advantages of spatial compounding method were presented previously by Arabul et al. [@bib0145]. Briefly, the PA probe was positioned to image a cross-section of the sample, and the images were acquired by rotating the sample by 10°, covering the full 360°. Next, the 3-D stage moves to the next transverse position with a step size of 0.5 mm, and the pseudo-tomographic, compound imaging is repeated. Depending on the length of the sample, approximately 50 cross-sectional images were recorded for each wavelength. During the experiment, the temperature of the immersion bath was kept at body temperature (37 °C). The effect of the temperature was not tested; however, it is known from the literature that the PA pressure increases with increasing medium temperature [@bib0175], [@bib0180]. Therefore, body temperature was preferred instead of room temperature.

2.5. Histology procedure {#sec0045}
------------------------

The plaque samples were fixated in 3.7% formalin solution for 24 h. Next, the samples were decalcified in buffered ethylenediaminetetraacetic acid (EDTA) solution for a week. The buffered EDTA solution was prepared by mixing 400 ml phosphate buffered saline (PBS) solution with 40 g of ETDA powder (Sigma--Aldrich Chemie GmbH, Munich, Germany). Next, NaOH pellets (Merck, Darmstadt, Germany) were added gradually to adjust the pH to 7.5.

Next, tissue samples were dehydrated with a standard tissue processor (Microm STP 120, Thermo Fisher Scientific, Walldorf, Germany) and embedded in paraffin blocks. Samples were sectioned in the transverse plane with the thickness of 5 μm using a microtome (RM2255, Leica Microsystems B.V., Amsterdam, The Netherlands). Finally, histology sections were stained with Weigner\'s Iron Hematoxylin and Mason\'s trichrome (Sigma--Aldrich Chemie GmbH, Munich, Germany). The histology overview images were manually matched to the US images based on the structural similarity of the lumen and vessel wall.

3. Results {#sec0050}
==========

The results of the plaque phantom are presented in [Fig. 3](#fig0015){ref-type="fig"} demonstrating the effect of unmixing on PA data. See Supplementary Fig. A.7 for the effect of unmixing similarly on *ex vivo* plaque data. [Fig. 3](#fig0015){ref-type="fig"}b is the compounded US image that clearly resembles the geometry of the phantom. The echogenicity is lowest for the blood and the highest for the cholesterol crystal. The high echogenicity of the cholesterol is due to the relatively stiff crystal form of the cholesterol used, and should not be mistaken for calcifications in plaque samples. The PA images of the phantom obtained at the four available wavelengths (*λ* = 808, 915, 940, 980 nm) are shown in [Fig. 3](#fig0015){ref-type="fig"}c--f. The dynamic range of the colormap of each PA image is normalized with respect to its maximum intensity. Although the signal intensities vary, all four PA images provide signals from all three inclusions. The signals from the cholesterol are much lower than the hemorrhages due to low absorption of lipid in the spectral range available. However, as seen in [Fig. 3](#fig0015){ref-type="fig"}g--j, the results of blind source unmixing do reveal different patterns of the plaque. The unmixed components are labeled as follows: IC1 is fresh blood, IC2 is the thrombus-based hemorrhage, IC3 shows the signal from all three components, and lastly, IC4 is the compounding artifact with the outer boundary of the sample.Fig. 3A cross-section image of PVA phantom: (a) an illustration, (b) ultrasound (US) image, (c--f) photoacoustic (PA) measurements at wavelengths *λ* = 808, 915, 940, 980 nm and (g--j) unmixed independent components, labeled as IC1 to IC4.Fig. 3

The overlaid US and PA images were rendered in 3-D, see [Fig. 4](#fig0020){ref-type="fig"}, to provide an overview of all samples and to demonstrate the continuity in the unmixed PA sources through the transverse imaging planes of the samples. However, at this step, unmixed ICs are blind to the actual sources and [Fig. 4](#fig0020){ref-type="fig"} is not intended to demonstrate the actual chromophores. For visualization, non-linear transparency functions were used as the alpha channel for each image. Since the unmixing algorithm pushes the histogram of the sources away from each other, a different part of the colormap remains visible for different images after applying transparency in 3-D. Therefore, the different colors does not carry any information regarding type of the actual chromophores. The colors represent the presence of signals of the corresponding ICs.Fig. 43-D rendered overlay images of ultrasound (US) and unmixed photoacoustic signals, labeled as independent component (IC) IC1 to IC4. Each row shows a different carotid plaque sample (labeled P1 to P6). The scale bar is representative for all the samples, indicating that the longitudinal size of the plaque samples varies between 1 and 3 cm.Fig. 4

The unmixing algorithm was applied to each individual carotid plaque dataset, and to a combined dataset, i.e., all plaque PAI datasets were combined and used as input for a single unmixing step. Due to variation in the signal-to-noise ratios (SNR) in the different datasets (see Appendix A.2), unmixing performance decreases when all data were used together; i.e., the optimization converges with a more substantial mean-squared error (MSE). Despite the more noisy output, the converged optima and patterns of unmixed components did not alter significantly. Since the order of the unmixed components is arbitrary, the result of unmixing on combined data was used as a reference to obtain a consistent permutation of the independent components for all samples (i.e., sort them in the same order). The results of unmixing by non-negative ICA was completely blind to the sources and were not based on any assumptions regarding physical sources of PA.

The magnified histologic images were presented in [Fig. 6](#fig0030){ref-type="fig"} to verify the match between the ICs and plaque components. In [Fig. 5](#fig0025){ref-type="fig"}, the results of unmixed PA data are presented together with the histology overview and US images to provide the structural resemblance between US and histology. Each row represents a different cross-section (denoted as S1 and S2) obtained in three plaque samples (P1 to P3). The cross-section labeled as P3S1 is from the bifurcation of the carotid and the internal branch was damaged during the histology. Therefore, only one branch is visible in the histology image, while both branches were present during US and PA measurements. The results of unmixing for plaque cross-sections are in agreement with the phantom results. IC1 represents the recent hemorrhages with a more confined area. IC2 shows a lower signal contrast than IC1; however, the area that provides a signal is generally originating from a larger area. Similar to the results of the phantom, IC4 resembles the outer boundary of the sample and the compounding artifact (circular haze). However, linking IC3 to any actual tissue components is not feasible using only Fig [5](#fig0025){ref-type="fig"} .Fig. 5Overview of the measurements from five different cross-sections of three plaque samples and a cross-section of the PVA phantom. Rows show different cross-sections and the annotation P1S1 stands for 'plaque one -- section one'. The first column (a) is the histology section corresponding to the measured cross-section. The second column (b) is the US image to show the geometry of the measured cross-section. Please note that the dark color in the US image indicates high echogenicity. The columns from (c) to (f) are the independent components (IC1 -- IC4) as the output of the unmixing algorithm. Darker color represents a higher signal in the unmixed source.Fig. 5

Based on the overview of histology pictures, no indication of PA-based lipid detection was observed in the plaque samples, which is in contrast to the case of the pure cholesterol inclusion in the phantom. Therefore, further analysis of the histology images was performed, where the slices were subjected to microscopic examination (see [Fig. 6](#fig0030){ref-type="fig"}).Fig. 6Histological details of plaque sample one -- cross-section one (P1S1) and plaque sample two -- cross-section two (P2S2). The overview of the histology is shown for two histologic sections in (a) and (b). The images (I) to (III) are the three magnified microscopy images of the histologic section. The locations of the magnified areas are indicated by the rectangles with different frame colors.Fig. 6

More robust evidence of the correspondence between the ICs and the actual chromophores can be obtained examining sub-regions in the histology images more closely. In [Fig. 6](#fig0030){ref-type="fig"} the histologic examination of two cross-sections is demonstrated, which supports the findings in the phantom experiments. The presence of erythrocytes (see [Fig. 6](#fig0030){ref-type="fig"}a--I) is evidence of recent hemorrhages, which matches with the dark high-intensity signals in the IC1 image. For the cross-section P1S1, the presence of erythrocytes is also confirmed in the zoomed image in [Fig. 6](#fig0030){ref-type="fig"}b--I, which coincides with the signals in IC1 of the same section. Detailed examination of the histology sections for the regions with high signals in IC2 revealed the common morphological characteristics. Having a darker pink color then it\'s surrounding indicates the existence of matured hemorrhages in the vicinity. Additionally, those regions are accompanied by sharp-edged void areas that resemble the cholesterol clefts (see [Fig. 6](#fig0030){ref-type="fig"}a--II and b--II). This supports previous literature that old hemorrhages trigger lipid accumulation and their presence is mostly concurrent [@bib0050].

Finally, the high signal regions in IC4 coincide with the outer layer of the sample, see [Fig. 6](#fig0030){ref-type="fig"}(a--III) and (b--III). That is the media layer of the artery; however, we strongly believe that this component is the PA signals generated on the surface of the sample. This is confirmed by the evidence that the same signal component was also present in the PVA phantom experiment. Since that surface PA signal also presents uniform behavior over the spectrum, it remains in the same component as the artifact.

4. Discussion {#sec0055}
=============

In this study, we showed the feasibility of blind-source spectral unmixing of multi-wavelength PA data obtained in human carotid plaques *ex vivo*. We adopted non-negative independent component analysis (ICA) for unmixing reconstructed optical absorption maps obtained from PA measurements. We showed that unmixed components of PA images show high resemblance with the inclusions in the phantom experiments. Furthermore, we demonstrated that the results of unmixed components in distinct regions in the PA images that were corroborated by the histology images.

Based on the ICA theory, the number of measurements should be at least equal to the number of independent components. We used 4 wavelengths in our measurements due to design considerations of our PAI system. Therefore, we wanted to investigate the highest possible independent components without making any assumptions on the number of actual independent components. The number of wavelengths used during measurements would not directly affect the separation performance of ICA, the performance is rather determined by the independency of the components at those wavelengths. Next, we investigated the continuity of the ICs in 3-D space (from cross-section to cross-section), and the resemblance between the ICs and the main components of the plaque tissues using histologic examination. In case there were more ICs than 4, the unmixing may converge to a linear combination of the independent sources, which would not infringe the link between the histologic examinations.

The two dominant PA sources, recent and matured hemorrhages, were successfully discriminated using blind-source unmixing. Detection of intra-plaque hemorrhages is vital to capture indications of plaque vulnerability. Therefore, this can potentially be used to differentiate hemorrhages from the luminal blood when applied to *in vivo* data. Additionally, ICA was able to separate the artifacts from the signal sources. The compounding artifacts have a uniform response over the spectrum, and, therefore, are independent of the actual signal sources. Separating ICs from these background artifact yields denoising of multi-spectral PA data, which was IC4 in our experiments. For IC3, it was not possible to relate it to any plaque components. In the PVA phantom experiments, IC3 provided signals from all three inclusions, hence not specific to any components. In our phantom, pure cholesterol crystals of one single type were used rather than a mixture as would be found *in vivo* [@bib0160], [@bib0185]. Moreover, the available wavelengths in this study were not optimal for PA signal generation in lipids. Therefore, the unmixing performance of the human plaque samples is expected to be different from the phantom experiments.

Providing a quantitative comparison between PA and histology is not trivial due to the difficulty in the examination of histologic pictures. Even for skilled pathologists it is not trivial to determine the location of morphological features. Therefore, we believe that the limiting factor is not solely the contrast in the IC images but also the complexity of the plaque composition.

The primary advantage of blind source unmixing is that no a priori data on the PA sources is needed, which makes the technique suitable for *in vivo* application. However, at the same time, this also is the main drawback of the technique due to the non-specific order of sources. Using a phantom, we were able to relate the unmixed sources in the plaque samples to the inclusions for proof of principle. Moreover, it provided partial validation of the signals measured in the plaque samples despite the limitations of the phantom as mentioned earlier. The results of ICA yields unmixed components that have a distinct characteristic in the optical absorption spectrum for the measured wavelengths only. Nevertheless, it is possible to infer quantitative absorption values of the chromophores using ICA.

The contrast of the unmixed ICs varies between the cross-sections of different samples. One possible reason for the different contrast levels could be the actual plaque composition in the imaged cross-section. A healthy carotid, for example, almost gives no signal in the wavelengths used as we observed in the healthy sections (the ends of the samples) of the plaque samples. In the results sections, we presented the high contrast results as well as the lower contrast images to demonstrate the overall performance of the unmixing without any bias.

During histology, the tissues were subjected to a sequence of chemical processes, which cause structural deformation. Therefore, the automatic registration of histology images to the images of a different modality, US images, was not feasible. Hence, a first, qualitative comparison of the selected cross-sections to the unmixed PA data was presented instead of a quantitative comparison including all the cross-sections.

Blind-source spectral unmixing using non-negative ICA is promising for prospective *in vivo* application of PAI for carotid plaques. The findings of this study revealed the potential of non-negative ICA for spectral unmixing of multi-wavelength PAI for future clinical studies. However, this work is merely a proof of concept, and *in vivo* measurements in patients are beyond the scope of the current study. Spatial compounding can elevate the image quality when applied *in vivo* [@bib0145], whereas ICA-based unmixing can identify different plaque regions and remove the compounding artifact from actual signal sources. The principle of ICA dictates that all the data from different measurements should be complete. Therefore, it can only be implemented for off-line data. However, the mixing matrices obtained from real plaque samples can be used as a lookup table for real-time measurements. Possible unmixed components can be generated based on the same linear mixing model provide insight into the components.

For the future, a larger pre-clinical study is planned to support the findings in this study and showing the clinical relevance for a larger population. Furthermore, to obtain a better tissue specificity, additional staining methods will be used in histology to stain additional materials such as macrophages, collagen, and lipid.

5. Conclusion {#sec0060}
=============

In conclusion, we showed that a data-driven approach could be used to differentiate chromophores in human carotid plaque samples based on their independent PA response for distinct wavelengths. We used the non-negative ICA algorithm on spatially compounded photoacoustic data and showed that the recent hemorrhages and mature hemorrhages on plaques could be differentiated. Additionally, the signatures of cholesterol clefts were captured, which is supported by the phantom experiment and histologic analysis. Furthermore, using ICA, we demonstrated that the background artifact could be removed in the unmixed components, which elevated the PA image quality of unmixed components. The results of this study showed the merit of blind-source spectral unmixing for morphological assessment of the complex tissue compositions as carotid plaques, in which the spectral absorption is most likely unknown.
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